Widely used microbial taxonomies, such as the NCBI taxonomy, are based on a combination of 15 sequence homology among conserved genes and historically accepted taxonomies, which were 16 developed based on observable traits such as morphology and physiology. A recently-proposed 17 alternative taxonomy, the Genome Taxonomy Database (GTDB), incorporates only sequence homology 18 of conserved genes and attempts to partition taxonomic ranks such that each rank implies the same 19 amount of evolutionary distance, regardless of its position on the phylogenetic tree. This provides the 20 first opportunity to completely separate taxonomy from traits, and therefore to quantify how taxonomic 21 rank corresponds to traits across the microbial tree of life. We quantified the enrichment of clusters of 22 orthologous gene functional categories (COG-FCs) as a proxy for traits within the lineages of 13,735 23 cultured and uncultured microbial lineages from a custom-curated genome database. On average, 41.4% 24 of the variation in COG-FC enrichment is explained by taxonomic rank, with domain, phylum, class, 25 order, family, and genus explaining, on average, 3.2%, 14.6%, 4.1%, 9.2%, 4.8%, and 5.5% of the 26 variance, respectively (p<0.001 for all). To our knowledge, this is the first work to quantify the variance 27 in metabolic potential contributed by individual taxonomic ranks. A qualitative comparison between the 28 COG-FC enrichments and genus-level phylogenies, generated from published concatenated protein 29 sequence alignments, further supports the idea that metabolic potential is taxonomically coherent at 30 higher taxonomic ranks. The quantitative analyses presented here constrain the integral relationship 31 between diversification of microbial lineages and the metabolisms which they host.
Introduction

44
The relationship between microbial taxonomy and function is a longstanding problem in 45 microbiology (1-3). Prior to the identification of the 16S rRNA gene as a taxonomic marker, microbial 46 phylogenetic relationships were defined by traits such as morphology, behavior, and metabolic capacity. 47 Cheap DNA sequencing has provided the ability to fortify those phenotype-based taxonomies with 48 quantitative determinations of differences between marker genes, but canonical taxonomies such as the 49 NCBI taxonomy continue to "reflect the current consensus in the systematic literature," which ultimately 50 derives from trait-based taxonomies (4). Recently, Parks et al. (5) formalized the genome taxonomy 51 database (GTDB), a phylogeny in which taxonomic ranks are defined by "relative evolutionary 52 divergence" in order to create taxonomic ranks that have uniform evolutionary meaning across the 53 microbial tree of life (5). This approach removes phenotype or traits entirely from taxonomic 54 assignment. Thus, an investigation of the relationship between traits and phylogeny has not been 55 possible until the recent publication of a microbial tree of life that is based solely on evolutionary 56 distance. 57 Comparing phenotypic characteristics of microorganisms across the tree of life is not currently 58 possible, because most organisms and lineages currently lack cultured representatives (6, 7). We 59 therefore used the abundance of different Clusters of Orthologous Groups (COGs) in microbial 60 genomes, a proxy for phenotype which is available for all microorganisms for which genomes are 61 available. Clusters of orthologous groups (COGs) are a classification scheme that defines protein 62 domains based on groups of proteins sharing high sequence homology (8) . More than ~5,700 COGs 63 have been identified to date. COGs are placed into one of 25 metabolic functional categories FCs), which represents a generalized metabolic function. Our analyses quantify the degree to which 65 taxonomic rank (genus through domain) predicts the COG-FC content of genomes, and illustrate which 66 lineages are relatively enriched or depleted in specific COG-FCs. These analyses constitute a step 67 towards being able to probabilistically predict the metabolic or functional similarity of microbes given 68 their taxonomic classification. 69 
Results
70
The genomes analyzed in this work were compiled from a variety of different sources, including 71 RefSeq v92, JGI IMG/M, and Genbank, in order to include genomes created using diverse sequencing 72 and assembly techniques. The integration of RefSeq v92, JGI IMG/M, and Genbank databases resulted 73 in a total of 119,852 genomes within the custom-curated database. Raw data, GTDB taxonomy, and 74 associated accessions are provided in Dataset S1. Of these genomes, we included only those that 75 satisfied a set of criteria designed to ensure that each genus contained enough genomes to allow 76 statistically robust analysis (see Methods). This resulted in a set of 13,735 lineages, representing 22 77 bacterial phyla, and 4 archaeal phyla, of which 67% have been grown in culture (Table 1) . 78 Most predicted open reading frames for most lineages could be assigned to a COG-FC. Across 79 all phyla, an average of 84.3% + 7.8% of open reading frames were assigned to a COG-FC ( Fig S1) .
Genomes of the same phylum tended to group together in an initial principal component analysis (PCA) 81 of raw COG-FC abundance (Fig. 1A ). Since this analysis was based on absolute abundance of COG-FCs 82 in genomes, rather than relative abundance, we hypothesized that the relationship between COG-FC 83 abundance and phylum was largely a consequence of genome size, which is phylogenetically conserved 84 (9). Consistent with this possibility, position on PC 1 correlated closely with genome size (R 2 =0.88; Fig   85   1B ). We therefore normalized each COG-FC abundance, for each genome, to a prediction of COG-FC 86 abundance as a function of genome size derived from a generalized additive model (GAM; Fig S2; 87 summary statistics in table S1). Each GAM model was statistically significant (p < 0.001), and all but 88 five COG-FCs had deviance explained (analogous to adjusted R 2 ) of more than 50%. We interpret 89 analyses of these genome size-normalized data sets as reflecting the enrichment or depletion of COG-FC 90 abundance, relative to that expected for a given genome size. PCA of these COG-FC enrichments 91 showed that species-level lineages still tended to group by phylum, even though the inter-phyla 92 gradients in genome size were no longer apparent ( Fig 1C, D) . 93 To quantify the degree to which taxonomic rank explains the distribution of COG-FC 94 enrichments among individual genomes, we performed a permutation multivariate ANOVA 95 (PERMANOVA) using the following taxonomic ranks: domain, phylum, class, order, family, and genus, 96 as well as culture-status (cultured versus uncultured lineage). The rank of species was excluded from the 97 analysis as every lineage was unique, and thus, species would explain 100% of the data. Every rank 98 significantly influenced the distribution of COG-FC enrichments (p < 0.001), but the fraction of variance 99 that each rank explained differed substantially: phylum explained the most variance (14.6%), followed 100 by order (9.2%), genus (5.5%), family (4.8%), and class (4.1%). Domain explained only 3.1% of 101 variance in COG-FC enrichment, the least of any taxonomic rank. Culture-status was a significant 102 correlate of COG-FC abundance (p < 0.001) but had virtually no explanatory power, with variance explained <0.001%. This observation is consistent with no particular COG-FC being systematically 104 enriched or depleted in uncultured microbes relative to cultured microbes. 105 The variability in COG-FC enrichment across different phyla was explored in addition to mean 106 COG-FC composition for individual phyla (Fig 3) . Here, the distance in PCA space between each 107 lineage and the centroid of all lineages in its phyla is a measure of how different the genome is, in terms 108 of COG-FC distribution, from the typical lineage in that phylum. Among all phyla, COG-FC distribution 109 of Crenarchaeota was the most variable, followed by Patescibacteria and Cyanobacterota. The least 110 variable phyla were the Synergistota, Marinisomatota, and Fibrobacterorta, respectively ( Fig 3A) . We 111 explored the possibility that variance in COG-FC distribution was a function of the number of lineages 112 in the phylum. In other words, did COG-FC content of some genomes simply seem less variable because 113 they had been under-sampled? A plot of the average distance of lineages from their phylum's centroid 114 versus the number of lineages in the phylum reveals an apparent increase in variability between 10 and 115 roughly 100 genomes, at which point average distance being approaching an asymptote ( Fig 3B) . 116 Comparison of Akaike Information Criterion (AIC) of a saturating model of the data (Eq. 1), fit using 117 nonlinear least squares, to a linear regression indicated that the saturating model described the 118 relationship substantially better (DAIC = 10.5). Coefficient A of the saturating model, which represents 119 the value of the asymptote, was estimated to be 0.75 +/-0.15 (p < 0.001). Coefficient B, which 120 represents how quickly the function approaches the asymptote, was 0.43 +/-0.30 (p = 0.17). Coefficient 121 C, an offset to handle the fact that all the log-transformed distances have negative values, was -1.63 +/-122 0.14 (p < 0.001). To gain a sense of "notable" COG-FCs associated with different phyla, we calculated the mean 140 COG-FC across all lineages in a given phyla and compared these values against the 85 th and 15 th 141 percentiles for all lineages in our custom-curated database. All COG-FCs which were significantly (p < 142 0.05; based on a 10 5 -iteration bootstrap analysis) greater or less than the 85 th and 15 th percentiles, 143 respectively, are shown in Table 2 . Most noteworthy, was the Archaea were regularly enriched or 144 depleted in a suite of COG-FCs. Most Bacteria phyla were enriched or depleted in in 3-4 COG-FCs. A
Discussion
150
We find that the abundance of each COG-FC in genomes scales with the genome size, so PCA 151 analysis of COG-FC enrichments or depletions successfully distinguished phyla only once COG-FC 152 abundance was normalized to the abundance that was predicted based on genome size (Fig 1C, D) . The 153 relationship between COG-FC abundance and genome size was clearly nonlinear, however, with higher 154 slopes at lower genome sizes, indicating that a simple linear model would not accurately capture that 155 relationship ( Fig S2) . 156 The PERMANOVA ( Fig 2) and analysis of diversity of genomic composition within phyla (Fig 157 3) showed that microbial lineages exhibit characteristic enrichments of COG-FC, and that the extent of 158 variation varies among taxonomic ranks. Of all the taxonomic ranks, phylum was the most powerful 159 predictor of COG-FC enrichment, which is consistent with observations that phylum can be informative 160 of microbial function (e.g., [10] [11] [12] . Surprisingly, lower taxonomic ranks such as genus and family had 161 little explanatory power. Many studies focus on metabolic coherence of individual traits and regularly 162 find traits conserved on the family level (2, 3, 13) . The discrepancy between previous observations and 163 our observation likely relates to how we characterize patterns in metabolic potential. The tradeoff of the 164 approach used here is that, by analyzing COG-FCs, we lose information about specific genes or 165 potential metabolic functions but gain the ability to apply a consistent analysis across an entire genome 166 and across the entire microbial tree of life. Thus, the extent that observed patterns (Fig 1) reflect 167 phenotypically-expressed differences among lineages is unknown. Nonetheless, the statistical robustness 168 of the relationship between all taxonomic ranks and COG-FC patterns suggests that evolutionary 169 processes (e.g., horizontal gene transfer, vertical gene transfer, duplications, deletions, etc.) control the 170 preponderance of different COG-FCs across lineages. 171 The role that individual evolutionary processes play in influencing COG-FC enrichments at a given taxonomic rank is likely variable. For instance, horizontal gene transfer is more common among 173 more closely related lineages (14) and thus, likely promotes increased levels of similarity at lower 174 taxonomic ranks. At higher taxonomic ranks, vertical processes may be more important. The asymptote 175 in the mean log10-distance from the centroid as function of lineages in a phylum suggests that identifying 176 more lineages for more poorly represented lineages should expand the diversity of COG-FCs that are 177 found, whereas phyla that were adequately sampled (at least ~1000 lineages) exhibited comparable 178 variability in COG-FC distributions ( Fig 3B) . Since many more than ~1000 distinct lineages of each 179 phylum are likely to exist (15), we propose that the taxonomic rank of phylum implies a fairly consistent 180 degree of diversity in COG-FC distribution. To the extent that phenotype matches genotype at the level 181 of COG-FC distributions, therefore, we expect that typical phyla exhibit similar phenotypic diversity. A 182 notable exception is the phylum Crenarchaeota, which were far more diverse than would be expected 183 based on the number of lineages sampled. The Crenarchaeota, as defined in the GTDB, collapsed 184 members of several phyla that had been designated separately under previous taxonomies, including 185 lineages that had previously been assigned as Crenarchaeota, Thaumarchaeota, Euryarchaeota, 186 Verstraetearchaeota, Korarchaeota, and Bathyarchaeota (5). It is possible that the relationship between 187 marker genes used in the GTDB and the rest of the genome is unusual for this clade, compared to other 188 phyla, or that the GTDB classification of Crenarchaeota is lacking in some other way. This is explained by 'distantly' (i.e., non-sister clades) related clades occupying similar COG-FC trait-193 space. The coherence in metabolic potential at higher taxonomic ranks may help explain the distribution 194 of microbial clades across ecological niches. Analyses of habitat associations (9, 16) and single traits (1-3) also support this idea. Our analysis provides quantitative evidence to this idea by demonstrating 196 coherence in metabolic potential with broad-scale patterns in genomic data (Fig 1-4) . The question 197 remains: how well do the observed COG-FC enrichments reflect expressed functional traits (i.e., 198 phenotype) across these lineages? It is difficult to address this question systematically, but some of the 199 enrichments and depletions here appear consistent with known physiologies of clades. For instance, 200 Rickettsiales were depleted in nucleotide metabolism and transport, consistent with previously observed 201 lack of a metabolic pathway for purine synthesis among five example Rickettsiales (17). Another 202 example is the depletion in the COG-FCs for energy production and conversion, amino acid transport 203 and metabolism, and carbohydrate transport and metabolism within the Bacteroidetes, Spirochaetes, and 204 Chlamydiales clade. This clade is known to contain many host-dependent pathogens and symbionts (18-205 20), which are often depleted in these COG-FCs (21). 206 The GTDB classification is the first fully algorithmic and quantitatively self-consistent microbial 207 taxonomy that can be applied across the tree of life (5). By standardizing the meaning of taxonomic 208 ranks, it creates an objective basis on which to compare microbial functionality to phylogeny. The data 209 presented here support the idea that clades in this taxonomy are functionally coherent, as well as the idea 210 that all taxonomic ranks provide information about the metabolic and ecological niches that individual 211 microbes occupy. Figure 1) . We used the gam function 248 from the R package, mgcv (27). In some instances, regression fits were visibly skewed by high-leverage 249 data points. High-leverage data were filtered using the influence.gam function in the mgcv package. 250 Data in the 99.5% percentile for influence were excluded when performing regression analysis but were 251 included in all downstream analyses. All regressions were significant with p<0.001. Crenarchaeota 3, 13, 11, 19, 7, 12, 16, 5, 22 9, 10, 14, 15, 17 Translation Ribosomal Structure and Biogenesis 23 Euryarchaeota 2, 3, 13, 18, 22 5, 7, 10, 14, 15 Halobacterota 3, 19, 22 15, 16 Thermoplasmatota 1, 2, 7, 13 4, 6, 8, 9, 10, 14, 15, 16 (1).
